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Introduction
A vast medical literature exists that links air pollution, especially fine particulate matter, to health 1 . Better air quality reduces infant mortality (Bobak and Leon 1992; Greenstone 2003a, 2003b; Currie and Neidell 2005; Loomis et al. 1999 ) and respiratory problems in both infants and adults (Chauhan and Johnston 2003; Emmanuel 2000; Romieu et al. 2002) and can even improve mental health and cognition (Peterson et al. 2015) .
From an economic perspective, pollution has social costs that go beyond the direct costs associated with these negative health consequences. Having health problems, even transitory ones, not only imposes a direct cost on those affected but also can lead to further social losses stemming from reduced productivity or reduced labor activity of those affected. There is ample evidence in the literature that shows negative consequences of pollution on labor supply (Aragon et al. 2016; Carson et al. 2010; Hanna and Oliva 2015; Hausman et al. 1984 ) and on worker productivity (Chang et al. 2014; Crocker and Horst 1981; Graff-Zivin and Neidell 2012) . There is also evidence that pollution affects school absenteeism, which can further affect work hours for workers taking care of these sick children (Currie et al. 2009; Gilliland et al. 2001; Park et al. 2002) .
Most of the existent evidence focuses, however, only on the short-term impact of pollution. Research on its medium-and long-term effects is limited. Studying the effects of pollution over longer time horizons is important as some of its negative effects could be persistent over time and harder for exposed individuals to recover from. Among the few recent studies that try to address the issue in the long term, Kim et al. (2016) show negative effects of pollution on a range of health measures that persist even 10 years post exposure, while Isen et al. (2016) show negative effects on labor supply and earnings in the USA for those who were exposed to pollution during their early childhood.
Our paper is among the first to study the medium-and long-term effects of pollution on labor supply in a developing country and adds to the very limited evidence by studying the issue at the aggregate population level and by using a fully exogenous pollution shock, rather than achieving identification through some policy change that might be suffering from other confounders. The closest paper to our study that we are aware of is Hanna and Oliva (2015) . They however differ from us in that they study the reverse phenomenon of pollution reduction. Isen et al. (2016) is another paper with a similar research question. However, they only focus on the early childhood exposure and use a policy change in the 1970s to identify the effect of pollution exposure, which is overall less persuasive than the direct evidence of pollution exposure our study uses. At the same time, an important difference between these studies and ours is that we are dealing with a relatively short but intense pollution shock, while they study a sustained decrease in pollution over time.
Since the impact of pollution might not be linear, the resulting estimates need to be put in context and interpreted accordingly.
We propose to study the medium-and long-term 2 effects of air pollution on labor supply, using data from Indonesia and taking advantage of a natural experiment that offers the unique opportunity of having a truly randomly assigned pollution shock. In the fall of 1997, large parts of Indonesia were engulfed in forest fires that originated with slash-and-burn practices commonly used by farmers as a cheap way of clearing land but were aggravated by the especially dry and windy season caused by El Niño. The fires burned out of control between August and November 1997, destroying over 12 million acres of land and covering much of Indonesia in smoke 3 . This episode has been widely used in the literature to study a variety of issues surrounding air pollution. Frankenberg et al. (2004) find older individuals exposed to the smoke are less able to perform daily activities. Jayachandran (2009) finds reduced fertility in the areas most exposed to pollution. Kunii et al. (2002) find elevated levels of respiratory illnesses during the fires, which might have indirect effects on hours worked. The pollution was so severe that even neighboring countries suffered from it. Emmanuel (2000) and Heil (2000) , for instance, find an increase in respiratory illnesses and other acute health issues in Singapore, while Sastry (2002) finds increased mortality among the elderly in Malaysia. All these documented health issues could have direct effects on labor markets, and these effects could persist over time. Our paper tries to fillin this gap of the literature and study these longer-term effects of pollution on labor supply.
We find that higher pollution reduces the hours worked in both the medium-and the long term. We capture medium-term effects 3 years past exposure and long-term effects 10 years past exposure. The medium-term effects are larger in magnitude, which is consistent with a hypothesis of recovery over time, but some effects still persist 10 years after exposure. We also underline two distinct channels that lead to reduced labor supply as a result of pollution exposure: own health and dependent caregiving.
Data and Methodology
We use data from the Indonesia Family Life Survey (IFLS). IFLS is a longitudinal survey containing a sample of households that is representative for over 80% of the Indonesian population. The first wave of the survey was fielded in 1993, with subsequent waves in 1997, 2000, 2007, and 2015 4 . The attrition rates are very small in IFLS, and most households can be successfully tracked from one wave to another. This is ideal for our study, as we use data from the first four waves to estimate our econometric models.
Our dependent variable is hours worked per week. Respondents are surveyed on the numbers of hours they work during a typical week. We collect this information from all waves of IFLS and use the data from 2000 to 2007 as dependent variables to study the medium-and respectively long-term effects of air pollution. The data from the 1993 wave is used as a control variable proxying for the initial labor supply decision. We do not use the data from 1997 since the data collection process overlapped with the smoke months and hence the data from 1997 could already include the population response to pollution, rather than just the initial labor supply information.
The explanatory variable of interest is the pollution level that respondents were exposed to during the 1997 fires. Our measure of air pollution is the aerosol index from the Earth Probe Total Ozone Mapping Spectometer (TOMS). The aerosol index is calculated from the amount of light that polluting particles absorb or reflect and has been found to correlate closely with the particulate matter pollution measured with standard ground-based monitors (Hsu et al. 1999) . The index can take values ranging from −2 to 7, with positive numbers indicating absorbing particles such as dust and smoke and negative numbers representing non-absorbing particles such as sulfates (Jayachandran 2009 ). The actual observed values of the index during the fires of 1997 are solely in the positive domain and, with large magnitudes, signaling large quantities of smoke in the atmosphere. The main limitation of using this measure is that it is unit-less and does not allow meaningful quantitative analysis and comparisons with ground-based particulate measurements of pollution. The advantage is that we have data spanning large territories and long periods of time, allowing us to qualitatively analyze the long-term effects of pollution.
Following Jayachandran (2009) and Kim et al. (2016) , we interpolate the TOMS data described in Jayachandran (2009) and provided to us by Dr. Jayachandran, using Global Positioning System (GPS) coordinates for each community provided by IFLS. The monthly pollution calculated as the median of the daily values in Jayachandran (2009) was averaged over the September, October, and November months of 1997 to construct the pollution variable used in all our regressions. Table 1 contains simple summary statistics describing the pollution levels and also the labor supply decision of respondents. The unit of observation is an individual. Pollution Index 1997 represents the average pollution an individual was exposed to during the fires, while Pollution Index 1996 represents the average pollution during the same months of the year 1996 (to proxy for the usual background pollution, absent the fires). As mentioned above, these are unit-less indexes. Working hours represent the amount of hours each working respondent worked during a typical week. We only included working respondents in the sample to avoid complications associated with labor market participation decisions or other issues that might make respondents remain unemployed and also to avoid a particular measurement error in the IFLS 5 . While this might create a bias in our main estimates since some people might exit the labor force as a result of pollution, this bias would only strengthen the qualitative implications of our estimates. Unfortunately, we have to deal with the additional measurement error of people responding to have worked more than 168 h per week, which is physically impossible. In order to address this problem, we have decided to drop these respondents from the sample. Overall, only about 0.5% of the respondents in 2007 were dropped from the sample as being mis-measured by either having worked zero hours or having worked more than 168 h. Note that the sample also shrinks between 2000 and 2007, due mostly to aging. In terms of the labor supply decision, there is a small but statistically significant reduction in the average hours worked from one wave to the next. Part of this reduction is obviously due to aging, but we wish to see if some effects can be attributed to the 1997 pollution episode, which is also evident from the table. The aerosol index spiked from an average of 0.09 in 1996 to an average of 0.69 during the fires of 1997. A value higher than 0.75 represents a high level of smoke (Jayachandran 2009 ). Looking at the range of values, we see the index spiking as much as 4.84 and going as low as 0.194, which ensures enough variation to identify the causal effect we wish to study. We also see the pollution dropping significantly after the fires, with pollution levels in 2000 being much lower than those observed in 1997, although not quite as low as those from 1996. We cannot say if these elevated levels are legacy impacts or simply contemporary shocks, but they do require robustness checks which are discussed later.
We argue that pollution exposure was due to a wholly exogenous phenomenon, as the spread of fires was mainly due to El Niño and not to anything else that could be correlated with individual-or household-specific socio-economic factors. We therefore treat the pollution shock as a natural experiment and simply estimate the effect of the pollution level on respondents' hours worked, 3 and respectively 10 years past exposure. We nevertheless control for initial hours worked and for other socio-economic factors that could affect hours worked. We collect extensive control data on respondents' age (in years), education level (in years of education completed), tenure at current job (in years), sex (through a male indicator variable), household size, whether they live in an urban setting, and whether their dwelling has an outdoor kitchen and water supply. Formally, the reduced form models can be written as follows:
where t represents the year (2000 and 2007) for our two separate estimations, i denotes the respondent, j denotes the community, X is the vector of individual and household level control variables mentioned above, and ε ij is the error term representing unobservables uncorrelated with the regressors. We estimate these equations with ordinary least squares (OLS) with robust standard errors.
Results
We start with presenting the long-term results. Column 2 of Table 2 presents the results of the effects of the 1997 pollution shock on working hours in 2007. Our estimations control for age (in years) and age squared, tenure at current job (in years) and tenure squared, education (in years), a sex dummy, an urban location dummy, household size, dummies for having a kitchen and water source outside of the dwelling, and initial labor supply. For the initial labor supply, we use data on working hours in 1993, to avoid all possible contaminations with the pollution episode in 1997. All the other controls were computed for the year 2007, respectively 2000, depending on the specification. We dropped observations that were most likely mis-measured, such as those who reported working more than 168 h per week. The effect of pollution on working hours, 10 years past exposure, is negative but statistically significant only at the 10% level. Although the pollution level is a unit-less index that makes interpreting the magnitude of the coefficient difficult, a standardized estimate Robust standard errors are in parentheses *Significant at 10% level; **significant at 5% level; ***significant at 1% level implies that a standard deviation increase in pollution results in about 0.52 h decrease in labor supply. To further investigate the channel that this effect works through, we estimate a similar equation where we control for the general health of respondents. These results are presented in column 3 of Table 2 . General health status (GHS) is a self-reported measure that aggregates the overall level of health. Respondents were given four choices of answers to describe their general health: unhealthy, somewhat unhealthy, somewhat healthy, and healthy. For this paper, we coded a dummy variable equal to 1 if respondents chose unhealthy or somewhat unhealthy, and 0 otherwise. GHS has been found to be a good proxy and predictor for future health (see Burstrom and Fredlund 2001 , Idler and Benyamini 1997 , or van Doorslaer and Gerdtham 2003 . Controlling for GHS in our main specification renders the effect of pollution insignificant, which proves that own health is the main channel through which pollution negatively affects the labor supply in the long term. This fact is consistent with the findings of Kim et al. (2016) who find that air pollution affects health negatively, and these effects persist in the long term. Note that three respondents do not have information on GHS and were dropped from the regression that includes GHS. Re-estimating the first equation without including these three individuals results in virtually identical estimates.
We are also interested in studying whether the negative effects of pollution on labor supply decrease over time. We estimate a similar model where we replace the dependent variable working hours with its year 2000 level. We use the same set of control variables and again drop those observations that are likely mis-measured. The results are presented in column 4 of Table 2 .
The effect of pollution on hours worked is negative, statistically significant, and larger in magnitude than the long-term effect. The standardized coefficient implies that a one standard deviation increase in pollution results in a decrease of 0.99 h in labor supply. This is consistent with the hypothesis that the negative effects of pollution are mitigated by the passage of time. The medium-term effects 3 years post exposure are approximately double in magnitude when compared to the long-term effects. Even more importantly, the medium-term effects do not disappear when controlling for health (column 5 of Table 2) , which suggests there are additional channels other than health that can cause diminishing labor supply in the presence of air pollution. Again, two respondents do not have GHS information and were dropped from the sample, without affecting the overall results of the estimation.
One possible explanation for reduced labor supply outside of the own-health channel is caregiving. Aragon et al. (2016) find that moderate levels of pollution do not have direct effects on labor supply, but they do have indirect effects in households with children and elderly, where working adults take time off from work to care for these dependents. In order to investigate this hypothesis, we disaggregate the sample into two subsamples: households with dependents and households without dependents. We considered all children 16 or younger as dependents. The results are presented in Table 3 .
We are able to confirm the care-giving channel from Aragon et al. (2016) . Although their paper studies exposure to moderate levels of pollution, while ours looks at a relatively strong spike in pollution, we find care-giving to be an important channel through which pollution affects labor supply. We find that, even when controlling for health status, air pollution still has a significant negative effect on hours worked for respondents with minor dependents. For those without dependents, pollution does not seem to affect Robust standard errors are in parentheses *Significant at 10% level; **significant at 5% level; ***significant at 1% level the labor supply decision. It follows that, while there are significant negative effects of pollution on labor supply in both the medium and the long terms that are driven by respondents' own health, there are some additional effects in the medium term that are driven by dependent caregiving. The care-giving channel does not play a role in the long term arguably because, as Banerjee (2016) or Kim et al. (2016) show, in the long term, young children tend to recover from bad health episodes caused by pollution 6 . In the short and medium term, however, air pollution can cause serious, life-threatening health issues in young children (see for instance Gajate-Garrido 2013) and many parents are willing to take time off in order to take care of their sick children. In the absence of dependents, own health can be often disregarded by working adults who keep working normal hours, especially if the negative effects of pollution are mild in the short and medium term.
We performed a number of checks to test the robustness of this result. First, if caregiving is a channel, we would expect women to respond differently than men to pollution. We present these results in Table 4 in the Appendix. For households without dependents, we found the responses of pollution to be statistically insignificant for both men and women. For households with minor dependents however, we found significant coefficients for both men and women, but of largely different magnitudes. Women respond to pollution more than double in magnitude than men do. One unit of pollution reduces hours worked by 2.46 h for women with dependents, and by 1.17 h for men with dependents after controlling for own health. This strengthens the idea that care-giving is indeed the responsive channel. We also re-estimated the equations from Table 3 after re-coding the sample of households with dependents to only include those with children older than or equal to 3, who were alive during the 1997 fires and were thus directly exposed to pollution. These results are presented in Table 5 in the Appendix. We found similar results, with slightly higher magnitudes than those in Table 3 , which confirms that children born after the fires were not directly exposed and therefore might not need their parents to take time off and provide caregiving. At the same time, we cannot completely rule out indirect effects through the health of the mother or in utero effects that were found to be important channels by the previous literature. In that sense, even children born after the fires might suffer due to the pollution shock and require attention.
An important remark that needs to be made is that the probability of a household having dependents is a function of pollution as well. As Jayachandran (2009) found, the number of births was significantly reduced in areas of high pollution. Since labor supply is more likely to be reduced by parents than by non-parents, these "missing children" could possibly bias our estimates. However, this bias is working in a direction that only strengthens the qualitative implications of our estimates since arguably, had these children survived, more households would have reduced their hours worked and the estimated impacts of pollution would have been larger.
Robustness checks and alternative explanations
Although the Indonesian pollution episode in 1997 was primarily driven by meteorological phenomena and such phenomena are usually considered fully exogenous and good sources of identification, we turn our attention to several issues that could potentially impact the validity of our estimates.
Attrition
Attrition is usually a big source of concern when dealing with longitudinal surveys like the IFLS, especially when these surveys span such a long period of time. If attrition is random, or in our case if it does not correlate with pollution, then it is not a problem. However, it is possible that respondents leave the sample systematically. If pollution affects health and the most affected respondents leave the sample, then our results will be biased. In our case, sample attrition can occur when respondents die or retire or when the IFLS loses track of them.
As mentioned in the data section, attrition rates in the IFLS are very low overall, which is encouraging for our study. Furthermore, even if we accept the possibility of a certain attrition bias, this bias would actually strengthen the qualitative implications of our estimates. If pollution were to lead to attrition, then overall we would be left with a slightly healthier sample and our estimates would be upward biased. In other words, the true impact of pollution would be actually greater (more negative) than our estimates might suggest.
We nevertheless proceeded to investigate sample attrition between 1993 and 2007. Approximately 40% of the respondents left the sample between 1993 and 2007. About 46% of these respondents however were over 55 years old in 1997 and about 34% were over 60 years old in 1997. This would suggest that most of the sample attrition comes from old retirees, rather than due to pollution.
We also ran a linear probability and a probit regression to test if the attrition status depends on the pollution exposure. We coded a dummy variable equal to 1 if the respondent was in the sample in 1993 but not in 2007 and 0 if the respondent was present in both years. We regressed this dummy variable on our main pollution variable, age and age squared, a sex dummy, and the presence of an outside kitchen and water source. The coefficient of the pollution variable was statistically insignificant, which strengthened our belief that attrition bias is not a concern for our estimates. We present these two regression in Table 6 in the Appendix.
Economic confounders
While the 1997 fires were undoubtedly a major pollutant in Indonesia, these fires might have had additional effects on the local economy that could have resulted in a reduction of hours worked outside of the pollution channel described in Section 3. Pollution could be for instance correlated with economic conditions in the forestry or agricultural sectors, since arguably, both these sectors were affected by the fires-agricultural land was cleared at the expense of losing the forests. These economic conditions might have affected local demand for sector-specific labor, and it is possible that our estimates pick up some of those effects as well. We tried to address some of these issues by including additional community-level controls, but this is a limitation of our study that needs to be more carefully investigated by further research.
Ideally, this issue should be addressed by considering pollution variation within local economies and very detailed data on local economic conditions, both of which we do not possess. Using community or even regional fixed effects is also not doable since the pollution episode in Indonesia occurred on such a large scale that even regional fixed effects confound with the pollution variable and render it insignificant.
The IFLS does include, however, a number of community-level variables that point to certain economic conditions that might correlate with the fires. These variables are constructed from surveying the community leaders and could suffer from mis-measurement and a dose of subjectivism. Community leaders were asked in 2007 whether their communities were still suffering from the financial crisis 7 , whether their communities had any wood processing or wood-related factories, whether they experienced drought and the drought frequency, and the percentage of their communities covered by forest and by farming land. We included all these variables together with a community population variable as additional controls and found very little change in our estimates. We present these results in Table 7 in the Appendix.
None of these additional controls are statistically significant, with the exception of the percentage of the community that was farm land. The inclusion of the first four controls leave the estimate of pollution virtually unchanged, while the inclusion of the farm land variable slightly decreases the point estimate of pollution from −0.87 to −1.06. This change in the point estimate is statistically significant and consistent with the economic channel hypothesis. Since fires clear land for agriculture, higher pollution will correlate with more agricultural land which will lead to more hours worked in the absence of the negative effects of pollution. This bias is removed when we control for agricultural land, and the true impact of pollution seems to be more severe than initially estimated.
While the droughts, financial crisis, or the forestry sector do not seem to play roles, there are some spillovers from the fires in the agricultural sector. However, they only seem to strengthen our initial estimates. Arguably, such spillovers can occur in other sectors as well and future research should try to correct for these whenever possible. Studies using finer measures of pollution and more detailed local economic data might be more successful at addressing these concerns.
Migration
Temporary migration and avoidance is another possible cause of concern. If wealthier people decided to temporarily leave their communities to avoid the pollution episode, this could potentially bias our estimates. To tackle this potential problem, we looked at the respondents who migrated between September 1997 and September 1998 and tested whether their migration was determined by the pollution levels or their economic status.
Just like with attrition, we coded a dummy variable equal to 1 if the person migrated during the specified period and 0 otherwise. We then regressed this dummy variable on the 1997 pollution level, the log of household per capita expenditure (PCE), age and age squared, having an outside kitchen and water source, a sex dummy, and the household size. We present these results in column 2 of Table 8 in the Appendix. We found that neither the pollution nor the economic status significantly affects the migratory status. Furthermore, only about 1.7% of respondents were found to have migrated between 1997 and 1998. Furthermore, we employed another robustness check involving migration, similar in nature to the method described in Jayachandran (2009) . We re-estimated our mediumterm regression from Table 2 , column 4, but instead of matching the pollution data with the community of residence in 1997, we matched it with the community of residence in 2000. If certain people were able to avoid the pollution episode by simply migrating to another area or if the observed migration was due to the pollution episode, we should be able to estimate different coefficient using the pollution exposure at the new location of the migrants. We report these coefficients in the third column of Table 8 in the Appendix. We find virtually identical results with those from our main specification, which further confirms that migration is not a cause of concern.
Current pollution
Another possible confounder is the current pollution level. If certain areas of the country are more predisposed to pollution, it is possible that the past pollution from 1997 is correlated with the current pollution. Since current pollution has already been shown to affect labor supply, omitting this variable could create a bias in our estimates, and furthermore, we might wrongly attribute the effect of current pollution to the past pollution. In that respect, our results would no longer represent long-term effects of pollution, but short-term effects.
To investigate this possibility, we re-estimated our main specifications from Table 2 , columns 4 and 5, and included the pollution level from 2000 as an additional regressor. We reported this in Table 9 in the Appendix. We found virtually identical coefficients for the 1997 pollution, while the 2000 pollution was statistically insignificant. While we were not able to replicate this robustness check for our long-term effects since we do not have pollution data in 2007, we believe the medium-term results clearly show that the current pollution and its possible correlation with the past pollution is not a cause of concern.
Most of the issues we covered, such as the financial crisis or migration, were also found to be insignificant in papers like Jayachandran (2009) , although for a different outcome variable. While most of these robustness checks leave our estimates unaffected, it is important to acknowledge the possibility of additional channels that could affect hours worked and be correlated with the pollution spike in 1997. The IFLS provides the longitudinal data needed to study the long-term effects of pollution, but it does not go very deeply into recording detailed economic conditions that could serve as additional controls.
Conclusions
In this paper, we studied the medium-and long-term consequences of air pollution on labor supply. Using the Indonesian forest fires of 1997 as a natural experiment, we estimate significant negative effects of pollution on hours worked that persist over time.
A back-of-the-envelope calculation involving our estimates, the average pollution levels in 1997, labor force participation rates, and minimum wages in Indonesia puts a very conservative number of about ten billion USD lost as a result of this pollution episode during the year 2000 alone. This estimate does not take into account however the large variation in both the spatial exposure to pollution and also wages. The negative consequences seem to be somewhat mitigated by the passage of time. We find the medium-term effects (3 years past exposure) to be approximately double in magnitude when compared to the long-term effects (10 years past exposure) and driven primarily by caregiving. The effects that persist in the long term seem to be mainly driven by respondents' own health.
A particularly interesting line of future research would be to investigate possible additional channels through which air pollution affects the labor supply in the medium and long term and also possible effects on earnings and other socio-economic indicators. Our study clearly shows that the economic costs of air pollution go well beyond the wellestablished short-term effects, with some effects persisting even 10 years past exposure. This should be extremely relevant to policy-makers, especially in developing countries where air pollution is often times a less important topic of debate and where cost-cutting industry practices are often given priority, at the expense of air quality. At the same time, parents with children are more prone to reduce their working hours during severe pollution episodes, which is also worth considering by policy-makers.
An important remark is that our paper is somewhat limited in terms of its policy implications. First, our pollution measure is a unit-less index that does not allow for meaningful quantitative calculations. Second, we are studying the effects of an extreme but relatively short-lived increase in pollution that might affect health and labor supply in a different way than the more common pollution sources that are usually more moderate in severity but last for longer periods of time. While our results might be very relevant for policies specifically targeting the slash and burn practices of farmers in developing countries, they might not be so relevant for policies targeting reducing pollution marginally in the developed world.
Endnotes 1 See Pope (2000) for a literature review on the negative consequences of pollution on health.
2 While the interpretation of the terms long term and medium term can be subjective, for the purpose of this paper, we refer to a time period of 10 years as the long term and to a period of 3 years as the medium term. These periods of 10 and, respectively, 3 years are the periods between the IFLS survey rounds that are used in our empirical exercise. 3 Jayachandran (2009) Robust standard errors are in parentheses. Controls included, but not reported: age, age squared, tenure, tenure squared, education, outside kitchen and water, urban location, household size, and working hours in 1993 *Significant at 10% level; **significant at 5% level; ***significant at 1% level Robust standard errors are in parentheses. Controls included, but not reported: age, age squared, outside kitchen and water, and sex For the probit estimation, the raw probit estimates are reported. The marginal effects are not reported, but are also statistically insignificant *Significant at 10% level; **significant at 5% level; ***significant at 1% level Robust standard errors are in parentheses. Controls included, but not reported: age, age squared, tenure, tenure squared, education, outside kitchen and water, urban location, sex, household size, and working hours in 1993 *Significant at 10% level; **significant at 5% level; ***significant at 1% level Robust standard errors are in parentheses. Controls included, but not reported for determinants of migration: age, age squared, outside kitchen and water, sex, log of PCE in 1997, and household size. Controls included, but not reported for determinants of labor supply: age, age squared, tenure, tenure squared, education, outside kitchen and water, urban location, sex, hours worked in 1993, and household size Both models are estimated using OLS. Estimating the determinants of migration with a probit model results in similarly insignificant effects of pollution on migration *Significant at 10% level; **significant at 5% level; ***significant at 1% level Robust standard errors are in parentheses. Controls included, but not reported: age, age squared, tenure, tenure squared, education, outside kitchen and water, urban location, sex, household size, and working hours in 1993 *Significant at 10% level; **significant at 5% level; ***significant at 1% level
